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Abstract: Data from a four years survey on heavy metals in equine population in Copsa Mica, the heaviest 
polluted area of Europe, were used to model Cd accumulation in blood from Cd, Zn and Cu accumulation in 
hair, and to characterize the Cd, Pb, Zn status in horse blood the areas included in this survey were Chesler, 
Micasasa and Axente Sever.  
It was found that 50% of the equine population in copsa Mica Area  have total blood concentration over 
0.885 ppm for Cd , 1.080 ppm for Pb and  88 (µg/ml) for Zn . The best approach to model the present data was 
the Neural Net modeling. Running the model it was found that an increase of 0.66ppm of the total Cd 




Simple regression models and multiple regression models have been heavily used in 
biological sciences during the last decades to model heavy metals accumulation in biological 
systems and the food chain. Due to the large amount of available literature data, over the last 
20 years, meta-analysis using random effects modeling or fix effect modeling was used to 
model Cd accumulation systems such as offal of farm animals – sheep – (Tudoreanu et al., 
2007). The meta-analyses modeling showed that for sheep, cadmium concentration in the feed 
and the duration of exposure to that feed were significant predictors of the cadmium 
concentration in liver and kidney and that the predominantly organic rather than inorganic 
form of cadmium in the feed further increased accumulation. Other variables such as dry 
matter intake, the vehicle of the elevated cadmium in the diet, animal age, weight and sex, 
were not significant as confirmed by other studies too (Anke and Schneider, 1989). 
However to avoid linear models assumptions violation data transformation is needed 
in a majority of situations. The complexity of relationships between the input variables and 
sometimes multiple responses variables of models for heavy metal accumulation in animal 
tissues and blood, suggests nonlinear modeling such as Neural Net as predictive modeling 
technique. There is a wide variety of literature on Neural Nets (NN) modeling (Ripeley, 1996, 
Paterson, 1996). The early literature suggested that the S-shaped function is an activation 
function that works like nerve cells in the brain, and that by strengthening and weakening the 
coefficients in an iterative way, one could simulate a learning process. Actually the NN model 
is a useful nonlinear regression model. There is a great number of software used to fit NN 
models, such as the JMP software which fits it using standard nonlinear least-squares 
regression methods.  
A large number of studies showed that in abattoirs, Cd and Pb concentrations are best 
monitored from hair and blood concentrations. (Tudoreanu et al 2007).  
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Copsa Mica is considered to be the heaviest polluted area in Europe (Bianu and Nica, 
2002) and appears to be a perfect candidate for studying heavy metals accumulation and 
transport in biological systems. Biological systems complex responses to the mixture of 
pollutants present in Copsa Mica enable their use for modeling subacute toxicity, acute and 
chronic toxicity of heavy metals without using provocative experiments. During the last 
decades a great number of data from Copsa Mica were produced (Crivineanu et al, 2006) and 
could be used in predictive modeling of organisms responses to complex pollution (Goer et 
al., 1995, Maylin et al, 1990).   
Neural Net modeling is the best approach for predictive modeling of non-transformed 
data. The present study presents a characterization of Cd in the horse population in the area of 
Copsa Mica and demonstrates the use of NN modeling in predicting Cd concentration in 
blood from hair samples. The usefulness of these models stems from the fact that their 
constant use will significantly reduce survey costs in polluted area and will eliminate animal 
stress due to blood sampling.  
 
MATERIALS AND METHODS 
 
The distribution of Cd, Pb, ad Zn in blood and hair from equines from Copsa Mica 
collected during a 4 year survey were analyzed by using AAS standardized methods. The 
areas included in this survey were Chesler, Micasasa and Axente Sever.  
Data characterization and modeling was performed by using the JMP5.0 software 
Descriptive statistic was used to identify the Cd, Pb and Zn level which are characteristic for 
the equine population from Copsa Mica. The data for Cd, Pb and Zn in blood and hair were 
statistically analyzed and tested for normality using the JMP software. 
A set of 55 blood and hair data were used for testing the adequacy of linear and 
nonlinear modeling by Neural Net modeling for Cd accumulation in blood (output variable) 
from the input variables of Cd, Pb, and Zn total concentration in hair. NN is a set of nonlinear 
equations that predict output variables (Y's) from input variables (X's) in a flexible way using 
layers of linear regressions and S-shaped functions.  
An S-shaped activation function used to scale real arguments to [0, 1] is the logistic function  
. 
Each Hj, the unobserved hidden nodes, are defined as  
 
where  
NX is the number of X variables  
SH(x) is the logistic function  
 
and  
Xi are the inputs, usually scaled to be in the interval [0, 1].  
The outputs Ŷk are then calculated as  
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where  
NH is the number of hidden nodes.  
SY(x) is the identity function by default.  
The Ŷk values are also scaled to be in the interval [0, 1] and the coefficients a, b, c, 
and d are to be estimated.  
By consequence the method will estimate the model many different times from 
different random starting estimates. Each starting estimate and consequent iteration being 
called a tour, and the default number of tours is 20. 
  The validation set was randomly selected from the data by the random selection 
platform of the software. 
The model output was analyzed using the prediction profiles (PP). The prediction 
profiles are mostly used for multiple-response models to help judge which factor values can 
optimize a complex set of criteria but they can be used for single response models as well.  
Prediction traces are displayed for each X variable. A trace is the predicted response as one 
variable is changed while the others are held constant at the current values. The traces are 
recomputed each time the value of an X variable varies. The low and high values are shown 
on the x-axis for each factor. The vertical dotted line for each X variable shows its current 
setting. For each X variable, the value above the factor name is its current value. The 
horizontal dotted line shows the current value of each Y variable for the current values of the 
X variables. The lines and markers within the plots show how the predicted value changes 
when the current value of an individual X variable changes. The 95% confidence interval for 
the predicted values is shown by error bars above and below each marker. (fig5) 
The NN modeling of the data were implemented for one hidden layer by using the 
JMP software. 
 
RESULTS AND DISCUSSION 
 
A) Characterization of Cd in the horse population in the area of Copsa Mica 
The analyses revealed that 50% of the equine population from Copsa Mica have over 
0.885 ppm total Cd concentration in blood and about 10% of the population have over 1.98 
ppm total cadmiu concentration in blood. Only 10% of the equine population has less than 
0.68ppm total Cd concentration in blood. (figure 1A and table 1). The confidence interval and 
tolerance intervals for the mean blood total Cd concentration are shown in table 2 and 3. The 
data for total Cd concentration in equines blood were tested for normality by using the 
Normal Quantile Plot (figure 1, B). The plot is also called a quantile-quantile, or Q-Q plot. 
The Q-Q Plot is a graph for visualizing the extent to which the variable is normally 
distributed. If a variable is normal, the Q-Q plot approximates a diagonal straight line. For Cd 
concentration in blood it can be observed that there is a flat distribution that produces an S-
shaped quantile plot (figure 1B). 
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        (A)               (B) 
 
            Normal (1.03323, 0.45809)                                               
 
Figure 1. Distribution (A) and Normal quartile plot (B) for Cd concentration (ppm) in blood for equines 
 in 2000-2004 
 
Table 1.  
Quantiles for Cd concentration (ppm) in blood for equines in 2000-2004 
 
100.0% maximum 1.9800 
90.0%  1.7250 
75.0% quartile 1.4075 
50.0% median 0.8850 
25.0% quartile 0.7500 
10.0%  0.6800 
0.0% minimum 0.1000 
 
Table 2.  
Confidence Intervals for Cd concentration (ppm) in blood for equines in 2000-2004 
 
Parameter Estimate Lower CI Upper CI 1-Alpha 
Mean 1.033 0.925 1.140 0.990 
Std Dev 0.458 0.392 0.546  
 
Table 3.  
Tolerance Intervals for Cd concentration (ppm) in blood for equines in 2000-2004 
 
Parameter Estimate Lower TI Upper TI 1-Alpha Proportion 
Mean 1.033 0.187 1.879 0.950 0.900 
 
 
Moreover 50% of the equine population from Copsa Mica has over 1.080 ppm total Pb 
concentration in blood and about 10% of the population has over 1.44ppm total Pb 
concentration in blood. Only 10% of the equine population has less than 0.5 ppm total Pb 
concentration in blood (Figure 2A and table 1).  The confidence interval and tolerance 
intervals for the mean blood total Cd concentration are shown in table 2 and 3. The data for 
total Pb concentration in equines blood were tested for normality by using the Q-Q (figure 2, 
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Figure 2. Distribution (A) and Normal quartile plot (B) for Pb concentration (ppm) in blood for equines in 2000-
2004 
 
Table 4.  
Quantiles for Pb concentration (ppm) in blood for equines in 2000-2004 
 
100.0% maximum 1.9200 
90.0%  1.4400 
75.0% quartile 1.2800 
50.0% median 1.0800 
25.0% quartile 0.8400 
10.0%  0.5800 
0.0% minimum 0.2700 
 
Table 5.  
Confidence Intervals for Pb concentration (ppm) in blood for equines in 2000-2004 
 
Parameter Estimate Lower CI Upper CI 1-Alpha 
Mean 1.046 0.968 1.124 0.990 
Std Dev 0.330 0.283 0.393  
 
Table 6.  
Tolerance Intervals for Pb concentration (ppm) in blood for equines in 2000-2004 
 
Parameter Estimate Lower TI Upper TI 1-Alpha Proportion 
Mean 1.046532 0.436 1.656 0.950 0.900 
 
The statistical data analyses showed that 50% of the equine population from Copsa 
Mica has over 1.080 ppm total Pb concentration in blood and about 10% of the population has 
over 1.44ppm total Pb concentration in blood. Only 10% of the equine population has less 
than 0.5 ppm total Pb concentration in blood (Figure 2A and table 4).  The confidence interval 
and tolerance intervals for the mean blood total Cd concentration are shown in table 5 and 6. 
The data for total Pb concentration in equines blood were tested for normality by using the Q-
Q (figure 2, B) and shows a good approximation for data normal distribution 
 The same blood samples were used to measure Zn status of the horse population and 
revealed that 50% of the equine population from Copsa Mica has over 88 (µg/ml) total Zn 
concentrations in blood and about 10% of the population has over 112 (µg/ml) total Zn 
concentrations in blood Figure 3A, table 7). Only 10% of the equine population has a total Zn 
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for the mean blood total Cd concentrations are shown in table 8 and 9. The data for total Zn 
concentrations in equines blood were tested for normality by using the Q-Q (figure 3, B) and 
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Figure 3. Distribution (A) and Normal quartile plot (B) for Zn concentration (µg/ml) in blood for equines  
in 2000-2004 
 
Table 7.  
Quantiles for Zn concentration (µg/ml) in blood for equines in 2000-2004 
 
100.0% maximum 126.20 
90.0%  112.50 
75.0% quartile 99.00 
50.0% median 88.00 
25.0% quartile 79.00 
10.0%  74.50 
0.0% minimum 67.00 
 
Table 8. 
Confidence Intervals for Zn concentration (µg/ml) in blood for equines in 2000-2004 
 
Parameter Estimate Lower CI Upper CI 1-Alpha 
Mean 90.24919 87.03054 93.46785 0.990 
Std Dev 13.69881 11.75141 16.34893  
 
Table 9. 
Tolerance Intervals for Zn concentration (µg/ml) in blood for equines in 2000-2004 
 
Parameter Estimate Lower TI Upper TI 1-Alpha Proportion 
Mean 90.24919 64.94429 115.5541 0.950 0.900 
 
B) Neural Net modeling for estimation of Cd accumulation in blood from hear Cd, Pb, and Zn 
concentration  
The use of hair samples for estimation of Cd concentration in blood would have many 
great advantages such as simplicity of hair sampling for equines, not stressful method and 
very low sampling costs. Moreover by using XRF spectroscopy for hair analyses the total 
costs for sample analyses will sharply decrease.  
A set of  In first instance the data were used for linear multiple regression showing a 
poor linear trend between total concentrations in Cd, Pb, and Zn in hair and total Cd 
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  Therefore the NN modeling was choose for several reasons:  the trend between total 
Cd, and Zn concentration in hair and total Cd concentration in blood is physiologically 
suspected not to be linear. There are unknown interactions between these elements which 
cannot be simulated using linear modeling. 
The advantage of a NN is that it can efficiently and flexibly model different response 
surfaces. Any surface can be approximated to any accuracy given enough hidden nodes. On 
the other hand this type of modeling has several disadvantages. It is easy to over fit a set of 
data so that it no longer predicts future data well. The over fitting problem, is almost always 
fit with a holdback sample (validation set) to cross validate the estimates on data that is not 
used in the estimation process. I was also shown that the fit is not parametrically stable, so 
that in many fits the objective function converges long before the parameters settle down. And 
finally the results are not as interpretable, since there is an intermediate layer rather than a 
direct path from the X's to the Y's as in the case of regular regression However their 
prediction power is high and are the best approach especially for multiple response models for 
heavy metals in biological samples 
The NN model for Cd accumulation in blood estimated from Cd, Pb and Zn total 
concentration in hair reached R2 = 0.95. It was developed using three hidden modes and 20 
tours of with 10n converged at best with no tour that failed to improve (table 10). Introducing 
horses ages in the modeling process failed to improve it (data not shown). 
 
Table 10.  
Control Panel for neural net modeling of Cd accumulation in blood ( response variable) from hair Cd, Pb, and Zn 
concentration (input variables) and results for neural net modeling of Cd accumulation in blood (response 
variable) from hear Cd, Pb, and Zn concentration (input variables) 
 
Figure 4 shows a good mach between the predicted and actual data with a balanced 
tendency between underestimation and overestimation of the data. 
Several scenarios were tested using the prediction profiler and it was found that for an 
increase of 0.10ppm of total cadmium concentration in blood the total Cd concentration in 
hair is increased by 0.6 ppm (figure 5). 
 
 Specify 
Hidden Nodes 3 
Overfit Penalty 0.001 
Number of Tours 20 
Max Iterations 50 





10 Converged At Best 
7 Converged Worse Than Best 
0 Stuck on Flat 
0 Failed to Improve 
3 Reached Max Iter 
Y SSE SSE Scaled SSE Excluded RMSE R2 R2 Excluded 
Cd sange 0.142 2.605 1.073 0.226 0.9518 -2.783 
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(A)    (B) 
 
Figure 4. (A) Actual by Predicted Plot for neural net modeling of Cd acumulation in blod (response variable) 
from hair Cd, Pb, and Zn concentration (input variables) (B)Residual by Predicted Plot for neural net modeling 




Figure 5. Prediction Profiler for neural net modeling of Cd accumulation in blood (response variable) from hear 




 A large number of data are available on heavy metals in equines but there are only few of 
them of value for linear or nonlinear modeling. 
 Only raw data are useful for modeling. Means and medians may be used only if other 
modeling techniques are to be used such as Meta Analyses 
 Long term estimations on farming evolution in polluted areas as well as on humans and 
animals’ health will be possible by using Copsa Mica data for generic modeling of heavy 
metals in the food chain.  
 For long term estimation of heavy metals transport and accumulation in the food chain in 
heavily polluted areas the best approach is considered to be the development of survey 
studies and epidemiological studies simultaneously. 
 On short term basis 50% of the equine population from Copsa Mica will exhibit over 
1.080 ppm total Pb concentration in blood  
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  Only 10% of the equine population will have less than 0.5 ppm total Pb concentration in 
blood. 
 The use of hair samples for estimation of Cd concentration in blood would have many 
great advantages such as simplicity of hair sampling for equines, not stressful method and 
very low sampling costs.   
 Neural Net modeling is he best technique t develop predictive models with complex 
interaction between input variables  
 An increase of 0.66ppm of the total Cd concentration in hair from 1.81ppm to 2.47 ppm 
will  predict a ~ 0.10ppm increase in blood Cd concentration from 0.78ppm to 0.88ppm  
 The NN model for Cd accumulation in blood estimated from Cd, Pb and Zn total 
concentration in hair reached R2 = 0.95. 
 The NN modeling of Cd concentration in blood  will be improved by using a larger data 
set containing more information especially on minerals  such as Ca, Mg, P, Al, Fe, Cu in 
hair and blood 
  The constant use of NN models for heavy metals accumulation in blood from computed 
from hair samples will significantly reduce survey costs in polluted area, and will 
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